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Abstract 
Accurate estimates of renewal instances are necessary to avoid both machine breakdowns as well as unnecessary 
replacements. These instances are based upon a prognosis of the remaining useful lifetime of the components investigated but 
their usability is limited because of insufficient failure time data. Therefore the paper at hand deals with the integration of expert 
knowledge into lifetime estimation methods to enhance the prediction result. A model has been developed and simulated. 
Furthermore a parameter study analyzes the model's effectiveness, which produces promising results.   
 
© 2014 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the Programme Chair of EPSRC Centre for Innovative Manufacturing in Through-life Engineering 
Services. 
 Keywords: maintenance, maintenance scheduling, expert knowledge, expert judgment, lifetime analysis, remaining useful lifetime 
1. Introduction 
Currently maintenance of machinery and components as a 
company’s division is getting more and more into focus. New 
challenges like complex and interlinked production systems 
which lead to a larger extent of loss have to be faced. 
Therefore the objective to simultaneously enhance 
maintenance quality and reduce maintenance costs has to be 
set [1]. The field of maintenance scheduling represents a 
possible starting point for this optimization process. 
Especially accurate estimates of renewal dates can avoid both, 
a machine breakdown and unnecessary replacements. 
Additionally, prognosis quality directly influences other 
planning fields like spare parts supply or management of 
technicians. 
Usually, renewal decisions are based upon a prognosis of 
the remaining useful lifetime of the components investigated. 
However, the usability of existing lifetime analysis models 
like Proportional Hazards Models (PHM) or the Weibull 
models is limited because of insufficient failure time data. 
Often, failure data of the population does not represent the 
true failure process of the investigated unit. Moreover, 
necessary information is often not available or for specific 
components due to technical differences not appropriate. 
Therefore, prognosis results are biased or application of 
methods is generally avoided. 
The paper at hand deals with the integration of expert 
knowledge into lifetime analysis methods to increase their 
information basis and, thereby, enhance the prediction result. 
Expert knowledge in this context denotes judgments 
created by maintenance technicians or employees during 
regular inspections concerning the components’ current state. 
These judgments are transformed into machine-interpretable 
gradings and connected with elements of maintenance theory 
and Weibull analysis to an integrated prediction process by 
using fuzzy logic. That model is able to compute individual 
maintenance dates for every single investigated component 
out of several technical and economical input parameters. 
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Maintenance scheduling of wind turbines has been 
simulated with the help of the developed model. Furthermore, 
a concluding parameter study analyzes the model’s 
effectiveness and usability by utilizing synthetic scenarios. 
Nomenclature 
An  fuzzy set of rule R 
B  fuzzy set of rule R 
ccorr  corrective maintenance costs (€) 
cprev  preventive maintenance costs (€) 
cos  overall maintenance costs 
dem  deviation of optimal spare part demand 
exp  exploration of reserve of wear-out 
F(t)  function 
F(tren)  threshold failure probability 
G  underlying set 
insp  inspection interval 
k   shape parameter 
M  fuzzy set M 
p  probability 
prev  ratio of preventive maintenance 
tren  renewal instant 
T  scale parameter 
T*  lifetime 
TP  planning interval 
x  element of M 
xn  input parameter (fuzzy) 
y  output parameter (fuzzy) 
Į  quality of expert judgments 
Ȝ  inverse failure rate 
ȝ  degree of truth 
2. State of the art 
2.1. Remaining useful lifetime 
A failure denotes the instant of time when a technical item 
entirely loses its ability to perform its function. The amount of 
time passed between its production or initiation and its failure 
is called lifetime. Mostly lifetime is represented by a random 
variable that follows a specific distribution function F(t) [2]. 
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F(t) indicates the probability (p) for the lifetime (T*) to be 
less or equal to an instant of time (t) [2]. Furthermore it can be 
differentiated between discrete or continuous probability 
distribution functions. In technical (esp. mechanical) matters 
often the continuous Weibull distribution is used and shall be 
explained further.     
2.2. Weibull analysis 
The standard Weibull distribution is characterized by two 
parameters: a shape parameter k and a scale parameter T. 
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In this context T equals the inverse failure rate (Ȝ) with T = 
1/Ȝ. These parameters are used to specify the standard 
distribution function regarding a particular failure behavior. 
Shape parameters 0 < k < 1 denote a failure behavior with a 
high starting failure rate which is decreasing afterwards. 
 
Fig. 1. Weibull failure rate over k 
For k=1 the Weibull distribution equals the exponential 
distribution with a constant failure rate. In contrast shape 
parameters k>1 describe a low starting but further increasing 
failure rate. Figure 1 illustrates this behavior for several shape 
parameters k [3]. 
2.3. Expert knowledge 
Some technical problems like lifetime estimation for newly 
designed components are difficult to solve by computation or 
measurement, because of the lack of data. A rough estimation 
depending on physical models can be conducted using a 
Wöhler curve. For complex components life time estimation 
with Wöhler curves is unreasonable, since tedious and time 
consuming experiments have to be conducted. If lifetime 
estimation is required knowledge of specialists can be used. 
This expert knowledge features differences regarding its 
extent, its organization or its depth in comparison to laypeople 
knowledge. Thus, given an appropriate choice of experts for a 
particular problem their answers can be treated as high-quality 
and founded information [4], [5]. Generally, areas of 
application of expert knowledge are 
1. approximation of new, seldom, complex or unexplored 
phenomena,   
2. prognosis of future events, 
3. integration or interpretation of available information, 
4. connection of qualitative and quantitative knowledge for 
decision-making and 
5. exploration of problem-solving techniques of successful 
experts. 
  
Especially areas 2 and 4 of the list suggest an application 
of this concept in the field of lifetime estimation. Expert 
knowledge (or: expert judgments) can be used to perform an 
accurate lifetime estimation if standard survival analysis 
models are not applicable due to incomplete data. They may 
be used instead or in extension of existing survival analysis 
models.         
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2.4. Integration of expert knowledge into lifetime estimation 
Maintenance planning often does not base on failure data 
and is set up on personal experiences and routines, i.e. in the 
domain of wind energy turbines. A large optimization 
potential is expected in maintenance decisions (e.g. planned 
renewal dates). At this point the integration of expert 
knowledge could enhance the amount of available data and 
therefore result in more accurate estimations. As experts 
maintenance practitioners and technicians are considered. 
They fit the definition of experts in chapter 2.3. and can 
provide a special knowledge because of their education and 
work experience. E.g. acoustic, visual or haptic impressions 
the maintenance personnel get during their work at the wind 
turbines can represent indications for upcoming failures. 
To get valuable expert judgments an adequate eliciting 
procedure is necessary. To avoid biased information, firstly, a 
suitable collection of information and, secondly, an objective 
application is required [4]. Further information on this 
elicitation procedure will be provided in chapter 3. Besides 
for economic and organizational reasons a less interfering 
procedure to avoid a larger workload or additional costs 
should be achieved. 
Several approaches on integration of expert knowledge 
into lifetime estimation were published by Jäger [6], van 
Noortwijk [7], Chiou [8] and Rosqvist [9]. Their common 
goal is to determine the failure distribution's parameters out of 
expert judgments. While Jäger's idea is completely based on 
expert knowledge the work of Noortwijk, Chiou and Rosqvist 
also uses further failure information which becomes available 
ex post during the model's application. 
These approaches are not applicable for the present 
problem of lifetime estimation of components in the area of 
wind energy, because their implementation into a company's 
maintenance planning goes along with a high 
mathematical/statistical complexity and/or a cost-intensive 
organizational effort. Secondly, the investigated expert 
judgments are always elicited for the whole entity of 
components. Thus component-individual characteristics are 
not taken into consideration. Therefore a new approach which 
takes these weaknesses into account was developed and will 
be presented in chapter 3. It consists of four subsequent steps 
which are connected by fuzzy logic.  
2.5. Fuzzy logic 
Fundamental input quantities of both lifetime analysis 
models and expert judgments are fuzzy information. Humans 
tend to declare statements into blurred and individual 
categories (also known as linguistic fuzziness). For example, 
statements like "low costs", "good state" or "high failure 
probability" cannot be quantified exactly in general and differ 
from person to person. Particularly sharp distinctions between 
neighbored categories like "high failure probability" and "very 
high failure probability" do not appear constructive. 
To cope with this problem fuzzy logic can be used. It 
extends the standard mathematics for the possibility to 
consider and to handle fuzzy information [11]. A fuzzy set 
differs from a standard set as a result of the supplement of the 
concept of partial truth. Each element of a fuzzy set ranges 
between completely false and completely true [0;1] and can, 
therefore, be partially element of a given fuzzy set.  
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M  fuzzy set M 
ȝ  degree of truth 
x  element of M 
G  underlying set 
 
The concept of fuzzy control is based on the idea of fuzzy 
logic and utilizes it in the field of control theory. It is able to 
process crisp input parameters to crisp output parameters by 
using fuzzy rules [11] and consists of a finite number of if-
then-rules (R) [12]. 
 
R IF [x1=A1] AND ... AND [xn=An] THEN [y=B]     (4) 
 
xn  input parameter (fuzzy) 
y  output parameter (fuzzy) 
An, B  fuzzy sets of rule R 
 
These rules are embedded into an underlying process. 
Firstly, the sharp input parameters are transformed into fuzzy 
sets (fuzzification). Secondly, all given rules are applied 
(fuzzy inference). Thirdly, the computed fuzzy sets are 
transformed into sharp output parameters (defuzzification) 
[12]. This sequence is illustrated in figure 2 [13]. 
Fig. 2. Fuzzy control process 
3. Model 
 
Fig. 3. Method of expert knowledge based renewal planning 
step 1: system analysis step 2: expert judgment
step 3: fuzzy logic
step 4: maintenance planning
start
renewal
fuzzification
fuzzy inference
defuzzification
inference rules
crisp input parameters
crisp output parameters
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The model proposed by the paper at hand constitutes of a 
combination of lifetime analysis that considers expert 
knowledge with the help of a fuzzy logic system and a 
maintenance planning algorithm (Fig. 3).  
Model calculations are iteratively performed. Every iteration 
includes an update of the remaining useful lifetime by 
interpreting expert judgments, determined at the instant of 
inspection. For that a theoretical age is introduced, whose 
difference from real component age represents the deviation 
between target state and state determined by experts. This 
analogy of biological and bibliographical age of humans is 
utilized in the method [14], [15]. The four key steps are 
described in more detail in the following.  
3.1. Step 1 – System analysis 
In the first computational step, historical demand data are 
used for setting model parameters of the parametric Weibull 
distribution (Eq. 2). Furthermore, maintenance costs including 
downtime costs and costs for preventive as well as corrective 
measures are quantified. Costs and distribution parameters are 
passed over to the computational steps three and four. The 
fully parameterized failure distribution and costs are utilized 
to calculate cost minimal renewal instant tren. Replacement of 
a unit is performed if the risk of corrective renewal equals the 
risk of a preventive renewal. Risk is defined as the probability 
of occurrence of an event multiplied by the consequence of 
the event [16]. 
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F(t)  probability of failure at the instant of t (-) 
ccorr  corrective maintenance costs (€) 
cprev  preventive maintenance costs (€) 
 
If the risks calculated in Eq. 5 equal each other, the cost 
minimal renewal failure probability F(tinst) is estimated. It is 
utilized as threshold probability in step 4.  
3.2. Step 2 – Expert judgment 
Within the second step of the process, ascertainment and 
quantification of the current machine status takes place by 
experts. During inspection the ascertainment is performed, 
which results in an individual benchmark for every 
component. For example vibration measurements, degradation 
progress or acoustic emissions are considered by experts 
when assessing the status. The benchmark system in Table 1 
offers six different grades constituting the basis for a 
methodic quantification. Due to the fact that there are only six 
grades, application of the system is facilitated and biases in 
assessment are avoided.  
Table 1. Benchmark system for expert judgments. 
grade 1 2 3 4 5 6 
state as good 
as new 
very 
good 
good slightly 
damaged 
heavily 
damaged 
defective 
With the benchmark system every component obtains an 
individual expert judgment about its state at the inspection. 
3.3. Step 3 – Fuzzy logic 
Input information of step 3 are the failure probability 
calculated with the current age and the Weibull parameters of 
step 1 and the individual benchmark results of step 2. These 
exact input variables are transformed into a fuzzy set. 
Inference rules in terms of if-then rules are applied to the 
fuzzified data set and a fuzzy output variable is calculated. 
Table 2 shows the inference rules applied in this paper. The 
benchmark results are compared to the result of the Weibull 
analysis, which considers the actual age of the components 
and the parameters estimated in step 1. The two fuzzy sets are 
linked to each other in such a way that discrepancies between 
the expected coherences result in a revised theoretical age. 
For example the benchmark “very good”, combined with the 
“very high” calculated failure probability will result in a 
reduced theoretical age, because the unit is in a better state 
than its failure distribution would have suggested. Following, 
the reduced theoretical age is defuzzified and utilized as an 
exact variable in step 4.  
Table 2. Inference rules. 
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F(t) very high - 0 0 + + +++ 
high - - 0 0 + +++ 
slightly hig. -- -- - 0 + +++ 
slightly low -- - 0 0 ++ +++ 
low - 0 0 + +++ +++ 
very low 0 0 + ++ +++ +++ 
 
3.4. Step 4 – Maintenance planning 
In the last step, maintenance planning is performed with 
the theoretical age of the component. It is compared to the 
maintenance instant, computed in step 1. If the theoretical age 
reaches the cost minimal renewal age before the next 
inspection takes place, preventive renewal should be 
performed. The process of substituting the current with the 
theoretical age and comparing it with the cost minimal 
renewal instant is presented in Figure 4. 
 
Figure 4. renewal process in a periodic inspection environment 
component age [days]
1000
inspection 1
renewal instant
inspection 2
inspection 3
inspection 4
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component age
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component age
1000
t [days]
renewal instant
component age
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4. Model validation 
The presented model is validated by parameter studies in a 
simulation model. Thus the process is programmed in 
Microsoft Excel/VBA. Every simulated scenario has been 
computed both with and without utilization of expert 
knowledge. By a subsequent comparison of these simulation 
results statements and conclusions on the model's 
effectiveness and suitability for daily use are shown. 
4.1. Simulation 
The simulated scenarios deal with the special belongings of 
lifetime estimation for components of wind turbines. While 
several fixed maintenance parameters were determined out of 
literature [17], [18], the varying parameters like failure dates 
and expert judgments are simulated and conformed to real 
data. 
The initial point of the simulation program is represented 
by an entry form for relevant input parameters (see Table 1), 
including the underlying Weibull parameters which have to be 
defined. On the one hand they are used to replace historic 
failure dates and on the other hand to generate future failure 
dates for the current investigation. To ensure statistical 
independence the generated data set is split into two parts: the 
first part is used for failure process simulation and the second 
is utilized for prediction. This procedure allows a simulation 
without available failure data under the precondition of an 
existing Weibull failure behavior. Afterwards the simulation 
follows the model's steps explained in chapter 3. Finally 
several output parameters are provided in review form (see 
Table 3). This approach is a first step to show the models 
validity. Additional validation steps, e.g. with real data, will 
be conducted in future research work to further increase the 
models validity. 
Table 3. Simulation parameters 
 
To reduce complexity several relaxations are set: 
 
x Investigation of max. 20 identical and independent 
components c with a starting real component age Ac(0)=0 
x nonrecurring reconditioning of a single component 
x Weibull-distributed failure behavior 
x Homogenous quality of expert judgments 
x Application of max. i=50 inspections 
x Reconditioning exclusively on inspection dates 
4.2. Parameter study 
The goals of the simulation environment are to analyze the 
model's effectiveness and its behavior when single parameters 
are changed. Table 4 shows the devoted variations; the 
underlined values highlight the standard values of the 
parameters. 
Table 4. Applied parameter variations 
Į 
quality of 
expert 
judgments 
F(tinst) 
threshold 
failure 
probability 
k0 
shape 
parameter 
T0 
scale 
parameter 
(days) 
TP 
planning 
interval 
(days) 
insp 
inspection 
interval 
(days) 
0,001 0,05 1,00 360 360 90 
0,100 0,07 1,25 720 720 180 
0,200 0,09 1,50 1800 1800 360 
0,300 0,16 1,75 2520 3600 540 
0,400 0,23 2,00 3600 5400 720 
0,500 0,30 2,25 4320 7200 900 
0,600 0,32 2,50 5400 9000 1080 
0,700 0,36 2,75 6120 10800  
0,800 0,42 3,00 7200   
0,900 0,50 3,50    
0,999  4,00    
  5,00    
 
Additionally, different ways of the fuzzification process 
are investigated. In total 58 parameter variations and 5 
different fuzzifications are analyzed in 290 simulation runs, 
which have been performed n=50 times to avoid random 
errors. The parameter study shows a significant improvement 
of all investigated key figures: 
x ratio of preventive maintenance (prev) 
x exploration of reserve of wear-out (exp) 
x deviation of optimal spare part demand (dem) and  
x overall maintenance costs (cos) 
 Figure 5. Model’s effectiveness regarding investigated key figures 
Figure 5 shows the results that were simulated using the 
standard parameter setting in Table 4. Similar results could be 
achieved with most investigated parameter variations and 
fuzzifications. In only 10 percent of all parameter runs no 
improvements of the mentioned key figures have been 
achieved. In these cases extreme values for single parameters 
Input parameters Output parameters 
direct maintenance costs Weibull analysis results 
breakdown costs Ratio of preventive maintenance 
planning interval deviation of optimal spare part demand 
inspection interval overall maintenance costs 
downtime 
(preventive reconditioning) 
Exploration of reserve of wear-out 
downtime 
(corrective reconditioning) 
 
Weibull input parameters  
Quality of expert judgments  
0%
50%
100%
150%
200%
1 2
prev exp dem
2.5m €
2.6m €
2.7m €
2.8m €
2.9m €
3.0m €
1 2
cos
1:  no implementation of expert knowledge
2:  with implementation of expert knowledge
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were set, like very low values of the quality of expert 
judgment (Į). 
Furthermore, statements on the effect of single parameters 
on the model's behavior can be made. There are parameters 
whose variation always affects the results, parameters with 
intervals of variation without any significant effect and 
parameters, which have no effect at all.  
For example, a variation of the quality of expert knowledge 
(Į) has a strong influence for values Į < 0.4 and reduces the 
models' effectiveness. For Į > 0.4 further changes of the 
parameter remain without any effect. This is caused by the 
model's iterative procedure. False expert judgments can be 
compensated by subsequent correct expert judgments for the 
same component. Therefore, a higher quality of expert 
judgments does not lead to a better result. Merely low values 
Į < 0.4 cannot be compensated. Figure 6 illustrates the 
described phenomenon. Generally, all single parameter 
investigations lead to well-interpretable results and therefore 
support the model's correct funcionality. Table 5 provides an 
overview on these outcomes. 
Figure 6. Variation of quality of expert knowledge and effect on key figures  
Table 5. Benchmark system for expert judgments. 
varied 
parameter 
k0 T0 F(tinst) TP insp 
effect on 
total result 
effect for 
k<2 
effect for 
T<2000 
effect for 
all F(tinst) 
no 
effect 
effect for 
insp>500 
5. Conclusions 
The developed model provides renewal decisions in a 
discernible way. Its essential advantage relies on an individual 
consideration of components means of expert judgments 
during revolving inspections. Thus eventual errors within the 
failure distribution, e.g. caused by false parameterization, can 
be corrected. Furthermore components with deviant failure 
behavior may be identified and renewed earlier or later than 
planned. This results in an improvement of prediction 
accuracy. 
On the contrary the model’s dependence of fulfillment of 
two underlying premises has to be faced. Firstly, the 
considered experts must be able to provide valuable 
information on the component’s current state (see also chapter 
4.2). Secondly, the underlying failure behavior has to be 
Weibull distributed. 
In addition to the study at hand further research need to be 
performed. For example, an adaption of the inference rules or 
different fuzzification of the input values could be considered. 
Due to the theoretical approach a final review on the 
model’s effectiveness in daily use cannot be made. But 
promising simulation results point at a general applicability in 
practice. Besides an implementation of the idea in 
maintenance division does not require large financial or 
organizational effort. The eliciting of expert judgments shall 
be organized in the course of revolving inspections and its 
processing shall be performed by a computer program. In total 
the presented model can be seen as a promising solution for 
the mentioned problems in maintenance scheduling and 
integration of expert knowledge. 
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